Natural and intuitive control of upper limb prostheses requires the establishment of a man-machine interface that explores the perception-action cycle directly based on biological signals [1] [2] [3] . These signals are processed to extract information about the user's intent and are translated into commands for the prosthesis. The neuromuscular system can be interfaced at various levels to extract neural signals that code the intended movement, e.g., via brain, nerve or muscle recordings [4] [5] [6] [7] [8] [9] . Although direct brain signal decoding provides the neural information associated to movement intention and control [10] [11] [12] , peripheral approaches (nerves or muscles) are so far the only clinically viable solutions for re-establishing upper limb function in amputees 4, 13 . In these patients, the availability of nerve and muscle structures above the amputation allows access to neural information at the output of the spinal cord circuitries.
Muscle interfacing is generally possible only when relevant remnant muscle tissue is available following the amputation. The higher the amputation level, the greater the need for control signals, with fewer muscles available to interface for intuitive control.
Nonetheless, muscles can be denervated and reinnervated by nerves that used to carry the neural code to the missing limb 14 . This procedure is known as targeted muscle reinnervation (TMR) 2, 15, 16 and it constituted a breakthrough in prosthetics 17 . In TMR, muscles serve as biological amplifiers of nerve activity because of the association between the action potentials discharged by the efferent nerve fibers (axons of motor neurons) and the action potentials of the innervated muscle fibers. Each nerve action potential is transduced into a compound muscle fiber action potential that carries the same neural information, coded by its timing of occurrence.
TMR and electromyographic (EMG) recordings from reinnervated muscles determine a man-machine interface that, in principle, allows the indirect detection (from muscle signals) of the ensemble efferent activity of any nerve once it is directed to an accessible target muscle. However, the classic use of TMR and EMG for man-machine interfacing does not aim at decoding the underlying neural information (timings of occurrence of action potentials) sent to muscles by motor neurons. Rather, this interface uses the EMG as an interferent signal (colored noise) from which few global features are extracted 18 , e.g.
amplitude or spectral moments, for either direct control or for identifying sets of predefined movements 19 . This global approach is common to previous TMR investigations, even when more advanced (multi-channel) EMG systems have been employed 19 . This procedure limits the decoding quality of the neural interface because the global EMG is a spatio-temporal summation of action potentials that creates correlations amongst multiple channels and therefore determines an ill posed inverse problem for decoding 20 . Similarly, control methods based on more selective intramuscular EMG recordings have been so far based on global EMG analysis without decoding the contributions of individual motor neurons 21, 22 or on a very small number of decoded motor neurons (e.g., two experimentally decoded motor neurons from intramuscular EMG signals in 23 ). Decoupling the neural information contained in the EMG signals, which exactly correspond to the timings of discharge of the efferent nerve fibers, from the shapes of the muscle fiber action potentials would determine a direct interface with the spinal motor neurons.
Here we describe a neural interface that, following TMR 24, 25 , extracts the sources of neural information -the discharge timings of motor neurons -through EMG deconvolution.
The decoded neural information is then mapped into effective commands for intuitive prosthetic control. The effectiveness of the decoded neural information potential prosthesis control is demonstrated offline by associating the activity of motor neurons innervating the missing limb of amputees with the kinematics of intended motor tasks. We experimentally validate this association for multiple degrees of freedom in six patients following TMR.
Therefore, here we present and substantiate the concept of a man-machine interface that extracts neural information sent from the output spinal cord circuitries by a combination of surgical procedures, advanced neural decoding, and mapping into multiple degrees of freedom.
Results
The approach is based on recording multi-channel (>50 channels) EMG signals from reinnervation sites following TMR. The EMG signals are decoded by using a blind source separation method that separates the timings of activation of each motor unit from the waveforms representing the muscle fiber action potentials. The decoding thus provides multiple series of discharge timings of motor neurons reinnervating the target muscles. The discharge timings are projected into degrees of freedom by various mapping methods. Fig. 1 schematically presents the processing steps common to all the analyses performed. Three main experimental tests were conducted on TMR patients (Table 1) to present and validate the decoding and mapping approach. The aim of each experiment was to highlight different characteristics of the proposed approach. Experiment 1 presents the classification of the motor neuron activity into discrete classes. Experment 2 shows proportional control based on motor neuron discharges. Finally, Experiment 3 presents simulataneous and proportional mapping over multiple degrees of freedom.
Experiment 1
Experiment 1 was performed on patients T1, T2, and T3 (Table 1) and was designed to compare the use of motor neuron discharge timings with respect to classic global EMG features for the classification of intended tasks into a pre-defined set of classes (motor tasks). For this purpose, the EMG signals recorded from the reinnervation sites (6 reinnervation sites for patient T1, 4 for T2, and 5 for T3; Table 1 ) were decomposed (decoded) into the contributions of individual motor units, separating the discharges of the innervating motor neurons from the waveforms of the muscle fiber action potentials. The discharge timings were then pooled to obtain series of ensemble discharge timings for the muscle regions where the recording EMG electrode grids were located (the area covered by each recording EMG grid was divided into four muscle regions). These series of ensemble discharges represented the neural drive sent to the corresponding muscle regions and were used as features for offline classification into 9, 7, and 11 classes (movements) for the three patients investigated.
The average number of motor units identified by decomposition of the multi-channel EMG signals in each reinnervation site during the executed tasks was 23.1 ± 11.2 (mean ± SD, average over the three patients and all reinnervation sites and tasks). Patient  T1  T2  T3  T4  T5  T6   Age  25  32  40  31  17 51 Nerves are surgically re-directed to innervate accessory muscles used as biological amplifiers of nerve activity by targeted muscle reinnervation (TMR). The discharge timings of the innervating motor neurons are decoded by deconvolution of the surface electromyographic signals. The series of discharge timings are then mapped into degrees of freedom. The mapping is obtained by diferent approaches, demonstrated in this study with three experiments. The interfacing provides access to the output from the spinal cord, as schematically represented by the colors of the series of discharges. The discharge patterns shown here are extracted from data acquired from patient T1. These discharge timings are represented here with the sole purpose of describing the general concept proposed in this work.
There were no significant differences in the number of decoded motor units nor in the accuracy of decoding between reinnervation sites, an observation that was valid for all experiments and all patients. This result is in agreement with several previous studies on EMG decoding in able-bodied individuals across a variety of muscles and contraction types 26 .
The use of motor neuron discharge timings for motion classification provided an almost perfect classification accuracy of >97% as an average over the three patients (Fig. 2 ). In the current experimental conditions, this performance was superior to both the use of the EMG root mean square (RMS) (average accuracy of 71% across all patients), and the use of RMS together with time domain (TD) features (average accuracy of 85%). The difference was particularly evident for patient T3, who could execute the greatest number of tasks (11 classes) and for whom the classification accuracy was only ~70% when using the classic EMG features and >95% when using the decoded motor neuron discharge timings (Fig. 2) . Fig. 2 presents the confusion matrices for the classification. (Fig. 3a) , is similar for the two tasks, which are therefore difficult to discriminate using this feature. The spatial distribution of amplitude is indeed localized in the same area, represented by the upper left corner of the spatial amplitude maps in Fig. 3a . Therefore, the two tasks are executed by a neural drive reaching similar regions of the reinnervated muscles. A direct control of these two tasks in a physiological way (i.e., with natural muscle contractions corresponding to the two tasks) would not be possible because of this overlap. Classification of these two classes with global EMG features is, however, possible to some extent since classification uses features that may differ between the two tasks. Nonetheless, the similarity of the two EMG amplitude maps and the variability in execution over multiple trials reduces the classification performance when using global features. The spatialtemporal structure of the active motor units during the tasks is conversely very different and can be used for more robust discrimination. The locations of the channels in the multichannel action potentials are coded with four colors. They represent an arbitrary partinioning applied to the grid to assign motor units to different regions of the reinnervated muscles. Each motor unit was assigned one of the four regions, according to the location of the peak value of the action potential waveforms. (c) The discharge timings of the motor units were pooled into ensemble discharge timings. These ensemble motor neuron discharges represent the neural drives reaching the four muscle regions. (d) Single-channel EMG signals synchronized with the discharge timings of motor neurons. In this example, the task "hand close" is performed with motor units assigned to the green and red portions of the grid, therefore the pooled discharge patterns are shown in green and red, respectively, for this task. Conversely, "wrist supination" is performed with motor units all detected in the red portion of the grid. The colormaps for surface EMG amplitude are relatively similar between the two tasks, whereas the motor unit activity is different and represented by neural drives reaching different regions of the reinnervated muscles. This representative data explain the reason for the superior classification performance obtained when using motor neuron discharge timings with respect to global EMG features. In all cases, poor discrimination by surface EMG was due to similar EMG amplitude spatial distribution between two or more classes whereas the motor neuron pooled discharge timings differed between classes, as in the example reported here.
This experiment showed that the extraction of the timings of discharge of motor neurons may be beneficial for discriminating tasks of the missing limb with respect to global EMG feature classification. In the proposed approach, contrary to the global EMG that represents an average activity over the skin surface, each motor neuron may provide discriminating information from its series of discharges as well as from the location of the innervated muscle fibers.
Experiment 2
Experiment 2 (patients T4, T5, and T6) was designed to test the use of motor neuron discharge timings for proportional control. This has implications in methods for direct control following TMR. The tests were done on a single degree of freedom which was mapped proportionally from global EMG amplitude and from motor neuron discharge timings during slow-varying force contractions, in the full range of muscle activation. In this experiment, the average number of motor units identified by decomposition of the multichannel EMG signals at the observed reinnervation site across all three patients was 11.8 ± 3.8. Fig. 4 presents an example of slow linear increase and decrease in intensity of activation by patient T4. Decomposition of the generated signals qualitatively revealed the two physiological mechanisms for increasing the level of activation: recruitment of additional motor neurons and modulation of the discharge frequency of the active motor neurons (Fig.   4c ). It was also evident that the information in the population activity of motor neurons was highly correlated to the intensity of muscle activity and this was repeatable over different trials of the same task (Fig. 4e ). The estimates using motor neuron discharge timings outperformed those obtained with surface EMG for a large range of processing intervals and for all patients (Fig. 5 ). This experiment showed that it is possible to extract direct proportional commands from motor neuron discharge timings and these commands are more accurate than those obtained with classic EMG amplitude.
Experiment 3
Finally, a direct mapping between decoded motor neuron discharge rates and kinematics was performed in Experiment 3, only for patient T6. The mapping into mechanical function was performed with two methods, either signal-or model-based. The signal-based approach applied a dimensionality reduction to the motor neuron discharge timing series without requiring kinematic labelling. The model-based approach projected the series of discharge timings into degrees of freedom by a forward biomechanical estimation of joint moments.
The signal-based approach was applied to 244 unsorted extended sources (over all reinnervaton sites) during a recording of 30 s. The sources were extended by the EMG decomposition approach (see Methods) and all extensions were maintained for this estimation approach, contrary to all other methods presented for which the extended sources were not used. The extensions of the sources represent redundant information, but redundancy is exploited to define appropriate subspace projections with this approach. Due to the inclusion of extended sources for this approach, the number of sources used (244) was greater than for all other methods. This approach enabled translating motor neuron discharge timings, decoded from reinnervated residual muscles, into the forces simultaneously produced by 12 musculotendon units acting on a mechanical model of the amputee's missing limb (Fig. 7) . The forces of the muscle-tendon units were concurrently projected to three degrees of freedom of the missing limb (elbow flexion/extension, forearm pronation/supination, wrist flexion/extension). The similarity between joint moments in the intact (as reference) and missing limb was quantified using both R 2 and the root mean squared difference (RMSD). The proposed interface allowed detecting a large number of motor neurons (on average >10) for each reinnervation site. The series of discharges of these motor neurons could be accurately identified, so that the neural information sent from the pools of motor neurons previously innervating the missing muscles in the patients could be assessed. At a theoretical level, the decoded motor neuron behavior from EMG recordings may be considered a new EMG feature for use in myocontrol, however we consider it as conceptually different from any previous attempt for myocontrol. The main breakthrough is the change of analysis scale from macroscopic (EMG) to microscopic (timing of motor neuron discharges). Because the EMG is a signal generated by the spatio-temporal convolution of thousands of motor neuron discharges, any set of mathematically derived EMG features will reflect the temporal and spatial resolution of the EMG as a random process. In contrast, motor neuron discharge timings have a precise physiological meaning and represent the way in which movement is naturally coded at the spinal level. It is the same set of features that direct intrafascicular nerve interfacing attempts to extract 5 .
Therefore, our results are on par with the identification of discharges directly from axonal interfacing with implanted intrafascicular electrodes. Nonetheless, with respect to implanted nerve recodings, the proposed system identifies a greater number of motor neurons and extracts the complete series of discharges of these motor neurons (see for comparison, e.g.
Reference 27 where the error rate is approximately 30% with at most 5-6 decoded efferent fibers from nerve interfacing). In this view, the proposed approach constitutes the ultimate exploitation of TMR as a means for neural interfacing using muscles as biological amplifiers.
The results presented show that direct access to the neural code sent by peripheral nerves to muscles is possible and practical following TMR. Moreover, this study also shows that motor neuron spike trains can be effectively used as a relevant source of information for synthesizing complex prosthetic commands. In comparison, direct neural recordings have been usually applied to map commands using global features of the interference nerve signals without spike sorting (e.g., 28 ).
The accuracy of the proposed interface has been proven with various control approaches and experimental designs on patients with amputations at different levels. First, we applied methods for signal classification, which are dominant in the scientific literature on myocontrol 29 , to the decoded series of discharge timings. The classification results indicated an almost perfect discrimination (on average >97%) of up to 11 classes. The results obtained from global EMG analysis in this study are partly in agreement with those reported in previous studies (e.g., 15, 19, 30 ). However, given the relatively small number of available TMR patients in the current and previous studies and differences in the experimental and analysis conditions, comparisons between studies are difficult. For example, using classic EMG features, a classification accuracy of 98% and 93% was previously reported for two patients and 8 classes 30 , which is a similar result as obtained in the present study for patients T1 and T2 for 7 and 9 classes, respectively. In our experiment, however, the performance with classic EMG features degraded for patient T3 when classifying 11 classes and was lower than that previously reported in four patients for 16 classes 19 . However, three of the four patients in this previous study were transhumeral amputees with physiological innervation of the lateral heads of biceps and triceps and the window duration used for the analysis (256 ms) was longer than in our study (100 ms). In the experimental conditions of our study and with the choices we have made for the processing parameters, the proposed approach based on decoding motor neurons led to greater accuracy than the classic pattern recognition approach. Given the relatively small number of patients in this and previous studies, however, this result cannot be generalized.
Furthermore, we tested the possibility for the patients to proportionally control one degree of freedom through decoded motor neuron activity (direct control). The decoded neural information allowed a finer separation of intensity levels than surface EMG amplitude. Surface EMG has indeed an associated estimation variance that is limited by the bandwidth of the signal 31 while the extracted neural information can in principle exactly predict force because force is generated as a direct linear transformation of the decoded neural activity 32 . Accordingly, the variability in force control shown in Fig. 5 was lower when using the motor neuron discharge timings than with EMG amplitude in almost all conditions and patients tested. These results indicate the possibility of superior precision in proportional control by using the discharge patterns of motor neurons with respect to EMG amplitude.
The final experiment was related to the simultaneous and proportional control of multiple degrees of freedom, shown for two approaches. The signal-based approach identifies the control signals without labeling of the kinematics during training whereas the model-based approach is based on training and relies on the subject's anatomy. Both methods provided an estimate of the mechanics of multiple degrees of freedom. The TMR procedure allows the full reconstruction of the neural signals sent to the muscles of the missing limb, despite the absence of these muscles, so that the biomechanics of the missing limb can be estimated, in principle, accurately. This experiment was performed on only one of the patients, due to limited availability of the other patients. However, the patient who participated in this test did not show EMG signals of better quality than the other patients and, importantly, the decomposition was of the same quality in this and other patients.
Moreover, the patients who participated in the second experiment, including the one who took part to the third experiment, had very similar performance in their motor neuron proportional control (Fig. 5) . Therefore, the patient selected for the third experiment on simultaneous and proportional control was similar to the others for the type and quality of neural information extracted and for the control he could achieve using this neural information in a previous experiment. There is no reason to believe that the results of the third experiment are specific to the patient selected.
The superior performance of the use of motor neuron discharge timings with respect to global EMG in some of the conditions analyzed has several biophysical reasons. The global EMG features vary for changes in the waveforms of muscle fiber action potentials. This factor of variability is removed by separating the neural information from the muscle fiber action potentials. Moreover, the decoding method does not use clustering based on the shape of the action potentials but rather identifies the discharge timings by sparseness constraints (see Methods). Therefore, changes in the action potential shapes do not influence the decomposition. The separation of action potentials from the neural drive also eliminates the effect of EMG amplitude cancellation 31 , which poses an intrinsic limit to the accuracy of EMG amplitude estimates. This partly explains, for example, the observations of the second experiment. In the specific clinical case of TMR patients, there are additional reasons for the effectiveness of the proposed approach with respect to global EMG analysis.
The discharge patterns of reinnervated motor units are likely easier to discriminate than for physiological innervaton due to a reduced complexity of the interference signal.
Moreover, the reinnervation causes a loss of the natural relation between muscle unit size and recruitment order so that the amplitude of the EMG signals is likely a poorer indicator of muscle activation in these patients than in physiological conditions, as suggested in 23 . Finally, the territories of the muscle units of different motor neuron pools tends to overlap during the reinnervation process and their activities are therefore difficult to differentiate from the global EMG analysis.
The proposed interface can presumably be applied to any nerve that can be redirected to accessory muscles. Even in the absence of target muscle tissue, this may be obtained either with transplants of small muscle portions 33 or, in the future, by growing muscle tissue around the terminal portion of the nerve 34 . Therefore, the proposed system should be seen as a general neural interface that accurately decodes the efferent activity of nerves without inserting electrodes into nerves. Moreover, although the current system was tested with non-invasive EMG recordings, the same concepts and algorithms can be directly translated to implanted multi-site muscle electrodes, such as the intramuscular arrays we have recently proposed 35 or multi-channel extensions of epimysial devices already tested in patients 36 . These muscle implants could be surgically realized at the same time as the TMR procedure.
Although obtained under several experimental conditions and on patients with different characteristics, the presented results are currently limited to an offline analysis.
The training and use of the proposed interface needs to be performed online and should explore the perception action cycle of the user in a closed-loop scenario to fine tune motor control to achieve the desired movements. While these future steps are needed for a full appreciation of the potential of the approach, the current work provides proof of the feasibility of decoding motor neuron behavior in amputees and of using motor neuron behavior for man-machine interfacing.
The online implementation of the proposed concepts for the control of prostheses in daily-life activities requires the solution of practical challenges. The first of these challenges is the requirement for an online EMG deconvolution that is computationally complex.
Nonetheless, this operation is now feasible due to speed of current microprocessors 37 
Methods

Patients
Measurements were performed on six TMR patients, whose characteristics relevant for this study are reported in Table 1 . The patients were referred to O.C.A. for prosthetic fitting and underwent TMR surgery. The characteristics of the patients reported in Table 1 refer to the time when each patient was included in the experimental measurements. The TMR procedures for all patients were performed at the Medical University of Vienna, Austria. In patients T1, T2, T3, all major nerves of the brachial plexus were redirected into muscles of the chest region (Table 1) . Patients T4, T5 and T6 are transhumeral amputees for whom the TMR procedure resulted in the medianus, ulnaris, and radialis nerves being reinnervated into the brachialis, caput breve bicipitis, and caput laterale tricipitis muscles, respectively.
The experimental protocols as well as the informed consent forms for the experiments were approved by the ethics committee "Ethikkommission der Medizinischen
Universität Wien" (approval numbers 1279/2014, for patients T1-T3, and 1234/2015, for patients T4-T6).
Experimental set-up
Three experiments were performed with the aim of showing different control strategies for active prostheses, all based on the decoded activity of the motor neurons reinnervating muscles above the amputation. The patient selection for each experiment was not randomized since the measurements were performed over the course of two years and designed with the purpose of presenting progressively more advanced features of the proposed interface. The six patients participated in the different experiments depending on their availability at the time when the methods applied in the three experiments were developed. Therefore, the experimental work represents a case series of several experimental sessions on a total of six patients with the purpose of presenting the concept of spinal interfacing via TMR and motor neuron activity decoding. Fig. 1 shows the general concept underlying the methods applied in all experiments. Grids of 64 electrodes for surface EMG recordings were located over each reinnervation point. The multi-channel EMG signals were processed to extract the series of discharges of the innervating motor neurons 24, 40 . The identified spike trains were then used to define control commands. The mapping between neural information and motion of degrees of freedom varied in the three experiments, as described in the following, with the aim of showing different control solutions.
EMG recording and processing
In system was chosen for this study, the same processing methods and experimental tests can be also applied with implanted muscle electrodes 40 . The only fundamental characteristics of the EMG recording for the proposed approach is the availability of several (>30) channels per reinnervated site, as it can be achieved with invasive technology by, e.g., our recently developed thin-film electrodes 35 .
The EMG signals were decomposed by a blind source separation algorithm 40 . The decomposition provided the discharges of activation of the innervating motor neurons. The decomposition algorithm is described in detail in 40 but we also provide here a brief description of its basic working principles.
Multi-channel EMG signals are observations that contain the convolutive mixtures of motor neuron spike trains. For each observation (EMG channel), unknown finite impulse response filters (motor unit action potentials) act on the sources (series of motor neuron discharge timings). This convolutive mixture of sources can be converted into a linear instantaneous mixture by extending the sources to include the original sources as well as their delayed versions, with delays from 1 to the filter length 40 . The original observations (EMG channels) are also extended, by a factor , in order to maintain a greater number of observations than sources.
Indicating with
and ( ) = [ 1 ( ), 2 ( ), … , ( )] the original sources, observations, and noise, respectively, the extended model is as follows:
where the extended observations, sources, and noise are:
and the equivalent scalar mixing matrix representing the filters is:
with:
Where is the duration of the recordings and h ij the action potential of the -th motor unit recorded at the channel . The noise in model (1) represents electronic noise as well as the activity of motor units represented at the skin surface by low-energy action potentials that are not separated.
The linear instantaneous model of Eq. (1) is inverted to recover the matrix of the extended sources. In this study, the inversion is performed by spatial whitening followed by the fixed point optimization procedure with a cost function that maximizes the sparseness of the estimated sources 40, 41 . The method extracts sources (series of motor neuron discharge timings) associated to individual motor neurons, as proven by the unique represention of the associated multi-channel surface action potentials 42 . The estimated sources are trains of delta functions centered at the instant of motor neuron activation, with an amplitude that may vary due to the estimation process. In order to extract the discharge timings information only, a local peak detector was applied to the estimated sources, by comparing each candidate peak with surrounding peaks, and considering a refractory period of 10 ms. It After EMG decomposition, the neural drive to muscles was estimated by pooling the discharge timings of groups of identified motor neurons 39, 43 . The selection of these groups depended on the analysis and is detailed for each experiment in the following. 
Experiment 1: Classification
Patients T1-T3 (Table 1) repeated each trial three times. These differences in experimental choices for the different patients were due to the conditions and capabilities of the patients.
The neural drives to muscle regions were estimated, as described above, by pooling the discharge timings of groups of motor neurons. The groups were defined based on the location of the muscle units in the areas covered by the recording electrode grids. Each grid was divided into four regions and each motor neuron was associated to the muscle unit in the region of the grid where the corresponding motor unit action potential had the greatest amplitude. In this way, we defined the neural drives to reinnervated muscle sites by partitioning each grid into four parts and associating to them the ensembles of discharges of the innervating motor neurons.
Classification into the discrete classes was performed using a support vector machine classifier with linear kernel, with 5-fold cross-validation. The input to the classifier was the number of discharges in each 100-ms interval for each muscle region, with a 10-ms overlap between consecutive intervals. For comparison with surface EMG classification, the EMG RMS of all channels as well as the TD features were computed in the same intervals used for spike classification and classified with the same classifier. For global EMG features, the feature space was reduced in dimensionality using Principal Component Analysis (PCA), retaining 95% of the signal power.
Experiment 2: Direct control
The aim of experiment 2 was to establish if it was possible to extract a proportional command from motor unit discharges (direct control). The experiment was performed on patients T4, T5 and T6, who are all transhumeral amputees ( Table 1 The intensity of muscle activation was estimated using the EMG envelope, as a classic reference approach, and the neural drive, as direct neural information. These approaches were compared varying the processing interval from 50 ms to 500 ms, with an interval overlap of 50%. Moreover, a post processing was applied by averaging over three consecutive past intervals. For each condition, the standard deviation of the intensity estimate, after linear de-trending, was computed to determine the accuracy in the control.
Experiment 3: Control of multiple degrees of freedom
Among the tested patients, patient T6 (Table 1) is any suspace. It can be shown that this mapping is formed by the first eigenvectors, i.e., columns of , noted as . In our case, is specified by the number of degrees of freedom to be controlled, and the goal is to associate each principal component to a degree of freedom. Therefore, the problem reduces to appropriately assigning the outputs of the PCA projected data to the corresponding degree of freedom. However, the two orthogonal coordinate systems ( 
where × = × × /(√ − 1) are referred to as the loadings 37 . Once the PCA and VARIMAX rotation are obtained in a training set (without any kinematic labeling), the control of the prosthesis test is achieved by inputing the motor neuron discharge time series in real time to the PCA subspace and VARIMAX projections, which can be combined to decrease the computational complexity.
Model-based estimation.
The open-source software OpenSim 44 was used to scale a generic upper extremity model of the musculoskeletal geometry 45 to match the patient's anthropometry. The musculoskeletal geometry model had seven upper extremity degrees of freedom and incorporated a total of 14 muscle-tendon units, spanning the shoulder, elbow, wrist and hand joints (Fig. 7) . During the scaling process, virtual markers were placed on the generic musculoskeletal geometry model based on the position of the experimental markers from the static pose. The model anthropomorphic properties as well as the muscle-tendon unit insertion, origin and their bone wrapping points were linearly scaled on the basis of the relative distances between experimental and corresponding virtual markers 44 . Inverse kinematics was solved for three-dimensional joint angles that minimized the least-squared error between experimental and virtual marker locations during dynamic trials 46 . The generated kinematics were then used to obtain dynamically consistent joint moments via residual reduction analysis, i.e. joint moments reconstructing experimental joint angles when driving forward dynamics arm simulations 47 . We refer to these as "experimental joint moments".
The estimates of joint moments were based on neural data-driven musculoskeletal modeling. The motor neuron discharges were converted into continuous neural activations using a twitch model based on a time-history dependent recursive filter and a non-linear transfer function 48 . Experimental joint angles were used as input to a multidimensional cubic B-splines set that synthetized the OpenSim subject-specific geometry of muscle-tendon units and computed their resulting length and moment arms 49, 50 . Neural activations and muscletendon unit length were used to control a Hill-type muscle model and estimate instantaneous length, contraction velocity, and force in the muscle fibers, and strain and force in the series-elastic tendon within each muscle-tendon unit 49 . The computed forces were projected onto all upper extremity degrees of freedom simultaneously via the moment arms.
The neural-driven model was calibrated to map neural activations to individual muscle-tendon units. After the calibration, the model was used to convert neural inputs into the resulting joint moments produced in the missing limb elbow, forearm and wrist.
Data availability
The data and the codes used for the results presented in this study are available upon request.
